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Surrogate safety measures (SSM) are suitable tools to detect dangerous situations. These
indicators can be applied as a warning strategy in collision avoidance systems (CAS). Time-
to-collision (TTC) and post-encroachment time (PET) are two important time-based SSM
that identify the probability of a rear-end collision. TTC refers to the imminent danger, and
PET implies the potential danger. However, sometimes the results from each indicator are
inconsistent. An appropriate warning strategy for CAS can be developed using a new index
that combines the properties of both TTC and PET. For this purpose, a new mixed index
(MI) is proposed. In order to develop this MI, three main microscopic parameters, clearance,
speed and the relative speed, are simultaneously applied to the leading vehicle. To cali-
brate MI, based on a fuzzy inference system (FIS), a value would be determined by a
combination of TTC and PET at each instant and then by regression analysis the model
parameters would be determined. Finally, MI, TTC and PET values for real car-following
scenarios on the I-80 freeway are determined and compared. The results show that MI may
be more suitable in detecting the rear-end collision risk within the proper time and with
less errors.
© 2016 Periodical Offices of Chang'an University. Production and hosting by Elsevier B.V. on
behalf of Owner. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Traffic accidents are undesirable events which lead to death,
injury, or property damage. Each year, a great amount of a
country's wealth is wasted due to road crashes. Accidents
occur when a series of unfavorable factors occur. Therefore, if60.
(N. Nadimi).
al Offices of Chang'an Un
'an University. Production
se (http://creativecommojust one of these factors did not exist, then a collision may be
avoided (Chin and Quek, 1997). Human error, influence and
behavior are main contributing factors in crash occurrences.
So reducing drivers' dominance during driving task, then it
can be expected that many accidents can be avoided.
According to the National Highway Traffic Safety Admin-
istration, approximately 30,000 people each year are killed iniversity.
and hosting by Elsevier B.V. on behalf of Owner. This is an open
ns.org/licenses/by-nc-nd/4.0/).
j o u r n a l o f t r a ffi c and t r an s p o r t a t i o n e n g i n e e r i n g ( e n g l i s h e d i t i o n ) 2 0 1 6 ; 3 ( 1 ) : 5 1e5 852the USAmotor vehicle crashes, amongwhich about 30 percent
of accidents are due to rear-end collisions (Lee et al., 2007).
Rear-end collisions occur in car-following situations when
the following vehicle's speed is greater than that of the
leading vehicle and when the clearance between vehicles is
small (Behbahani et al., 2014, 2015). Driver inattention in
maintaining proper distance behind the leading vehicle is
the main cause of such accidents (Ben-Yaakov et al., 2002).
Previous research indicates that usually drivers tend to
overestimate safety during car-following situations (Taieb-
Maimon and Shinar, 2001). Applying new technologies to
reduce human errors and their influence on adverse mental
or physical conditions can be a great step to decrease rear-
end collisions on freeways.
Nowadays, car-manufacturers aim to develop intelligent
vehicles with advanced driver assistance systems (ADAS),
which help reduce driver errors. One of the main categories of
ADAS is related to collision avoidance systems (CAS). CAS are
built to collisions with enough time to alert the driver for an
immediate reaction to avoid the collision. Also, the system
errorsmust be as least as possible, since it might be disturbing
for drivers during an interval. Thus, a proper warning strategy
must be defined for an effective CAS (Ben Yaakov et al., 2002;
Van Der Horst and Hogema, 1993).
Surrogate safety measures (SSM) are suitable criteria for
defining CAS. SSM are indicators of evasivemaneuvers, and, if
properly defined, are suitable tools in detecting dangerous
situations. (Archer, 2005; Barcelo et al., 2003; Cunto, 2008;
Garber and Gousios, 2009; Gettman and Head, 2003; Sobhani
et al., 2013; Young et al., 2014). SSM have been developed
based on the motion characteristics of vehicles. Until now,
different safety indicators have been developed, and exam-
ples are time-to-collision (TTC), post-encroachment time
(PET), unsafe density (UD), deceleration rate to avoid collision
(DRAC), proportion of stopping distance (PSD), gap time (GT),
comprehensive time-based measure (CTM), rear-end collision
probability (RECP), etc. (Hayward, 1971; Allen et al., 1978;
Archer 2005; Barcelo et al., 2003; Behbahani et al., 2014, 2015;
Cooper, 1983; Cunto, 2008; Minderhoud and Bovy, 2001).
Most of the SSM above mentioned relate to rear-end colli-
sions. For rear-end collisions, TTC and PET are two efficient
indicators in discriminating between critical and normal oc-
casions (Vogel, 2003; Ben-Yaakov et al., 2002; Van Der Horst
and Hogema, 1993; Oh et al., 2009). TTC and PET can convert
distance between vehicles into time. However, the results
obtained from these measures are sometimes inconsistent,
hence making a decision would be difficult (Vogel, 2003).
Applying PET and TTC simultaneously in CAS as a warning
strategy may help to increase the system's reliability and
efficiency. This paper develops a new model which includes
both characteristics of TTC and PET. The model is also
calibrated based on fuzzy inference system (FIS).Fig. 1 e Schematic outline of post-encroachment time on a
highway.2. Literature review
In this section, the most important surrogate safety measures
(SSM) are reviewed. Then two time-based measures are
selected as the target indicators for analysis.2.1. Time-to-collision (TTC)
TTC can be applied to different types of conflicts such as rear-
end, head-on and right-angle collisions (Minderhoud and
Bovy, 2001).
For read-end conflicts TTC can be computed as Eq. (1)
(Minderhoud and Bovy, 2001).
TTC ¼ XL  XF  lL
vF  vL (1)
where XL is the leading vehicle position, XF is the following
vehicle position, vL is leading vehicle speed, vF is the following
vehicle speed, lL is the vehicle length.
Various improvements have been proposed for TTC,
among which are the introductions of modified TTC (MTTC)
(Ozbay et al., 2008), generalized formulations of TTC
(Saffarzadeh et al., 2013), developments of an inverse time-
to-collision (Kiefer et al., 2005), and TTC with respect to a
moving line section and a point (Laureshyn et al., 2010).
For simplicity, this paper deals with the conventional
definition presented in Eq. (1) (Minderhoud and Bovy, 2001).2.2. Post-encroachment time (PET)
PET is the difference between the time a vehicle enters a
conflict point (t2) until the time another vehicle arrives to this
Table 1 e Surrogate safety measure category.
Probability detection Severity detection
TTC UD
PET MaxS
DRAC DeltaS
PSD KE
CPI
Table 2 e Formulas to calculate TTC, PET, DRAC and PSD
for rear-end conflicts.
Safety indicator Formula
TTC
TTC ¼ cl
Dv
PET
PETz
cl
vF
PSD
PSD ¼ 2 MADR cl
v2F
1
DRAC
1
DRAC
¼ 2cl
Dv2
CPI
CPI ¼
Ptfi
t¼tii PðDRACi;t  MADRÞDtb
Ti
Note: cl ¼ XLXFlL; Dv ¼ vFvL.
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schematically in Fig. 1.
2.3. Deceleration rate to avoid collision (DRAC)
Deceleration rate is a good measure in detecting dangerous
maneuvers. DRAC is the rate at which a vehicle must decel-
erate to avoid a probable collision. For vehicles traveling in the
same path, DRAC is expressed in the following equation
(Archer, 2005):
DRACt ¼ ðvF;t  vL;tÞ
2
2ðXL;t  XF;t  lLÞ (2)
2.4. Proportion of stopping distance (PSD)
PSD is the ratio of distance available between two vehicles and
the distance that is required to avoid a collision with the
maximum available deceleration rate (MADR) (Allen et al.,
1978).
PSD ¼ Di;t
v2i;t
.
2 MADR
(3)
where Di,t is the available distance between vehicles.
2.5. Unsafe density (UD)
UD tries to consider the severity of a potential crash if the
leading vehicle decelerates with maximum braking capacity.
Assuming a collision has occurred in a car-following situation
then UD can be expressed as follow (Barcelo et al., 2003).
UD ¼ ðvL  vFÞvFRd (4)
Rd ¼

b=bmax b<0
0 b  0
where b is the deceleration rate of leading vehicle, bmax is the
maximum possible deceleration rate of leading vehicle.
2.6. Crash potential index (CPI)
Crash potential index is the probability that the deceleration
rate to avoid a collision (DRAC) exceeds MADR at a moment.
MADR depends on vehicle type and environmental conditions
such as pavement skid resistance. CPI is presented by Eq. (5)
(Cunto, 2008).
CPIi ¼
Ptfi
t¼tii P

DRACi;t MADR

Dtb
Ti
(5)
where CPIi is the crash potential index for subject vehicle i, Dtis the time step, Ti is the total travel time, tii and tfi are the
initial and final time steps, respectively.
The parameter b in Eq. (5) denotes a binary state variable
that equals 1 if a vehicle interaction exists and 0 otherwise.2.7. Max speed (MaxS)
This represents the maximum speed of vehicles involved in
the conflict. MaxS is an effective measure of the severity of a
collision (Gettmann and Head, 2003).2.8. Relative speed (Dv)
Relative speed is the relative speed of vehicles involved in a
conflict. Also this measure can reflect the collision severity
(Gettmann and Head, 2003).2.9. Kinetic energy
From Newtonian physics, we know that a moving vehicle has
a kinetic energy equal to the Eq. (6) (Sobhani et al., 2013).
K ¼ 1
2
msv
2
s (6)
where K is the kinetic energy, ms is the mass of the subject
vehicle, vs is the speed of the subject vehicle.
When the subject vehicle collides with another object, the
kinetic energy in the vehicle will reduce and change in heat
and deformation. The kinetic energy transferred to the subject
vehicle is expressed in Eq. (7).
KEs ¼ 12msDv
2
s (7)
SSM can be applied to detect either the probability or
severity of a collision. In Table 1, SSM values are categorized
based on this statement.
The SSM formulas for collision probability are reviewed
and shown in Table 2.
TTC and PET are the most well-known time-based SSM.
The relationship between TTC and PET has been determined
by Vogel (2003) and is displayed in Table 3. For a car-following
scenario, TTC implies an imminent danger, and PET implies a
potential danger. It means that when TTC is small, there is a
Table 3 e Relationship between TTC and PET in car-
following scenarios (Vogel, 2003).
TTC PET
Small Large
Small Danger imminent Impossible
Large Potential danger Safe
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vehicle course and speed occurs. On the other hand, when
TTC is large but PET is small, there is no risk of rear-end
collision, but even a slight change in the motion
characteristics may lead to a rear-end collision.3. Model
Based on Table 2, TTC and PET are the basic surrogate safety
measures, and other indicators have the same parameters
as TTC and PET but with different powers. Now, the
question of which indicator must be applied in CAS as a
warning strategy exists. In various researches, TTC has been
proposed as the appropriate indicator for CAS. However,
assume a car-following scenario in which, at a moment, the
following vehicle's speed is 30 ft/s, the leading vehicle's
speed is 36 ft/s, and the clearance between vehicles is 6 ft.
Here, TTC cannot be defined since vF > vL, but PETz 0.2 s. In
the next moment, the leading vehicle suddenly reduces its
speed to 24 ft/s, and other parameters stay the same, but
now TTC ¼ 1 s and the collision probability is high. Thus,
although based on TTC the previous time step has been
identified as safe, but in a shorter time interval the situation
changed to unsafe. If there was a way to identify the first
scenario as a vulnerable situation for rear-end collision,
there might be more time for a proper reaction.
To consider the properties of both TTC and PET in a car-
following scenario, their motion characteristics of both must
be considered in one formulation. Based on Table 2, theFig. 2 e Fuzzy rules for MI determiclearance, following vehicle's speed, and relative speed are
common parameters in all SSM. Thus, they should be
applied to construct the basic model of Eq. (8). TTC and PET
also help to calibrate the model by fuzzy inference system
(FIS).
MI ¼ l cl
a
vbFDv
g
(8)
where MI is the mixed index, a, b, g and l are the model pa-
rameters, respectively.
In order to calibrate the model, MI values must be known
for each moment. MI should have the characteristics of both
TTC and PET. However, the weight of TTC must be greater
than PET in MI calculation. The best tool to combine TTC and
PET to assign a weight to each indicator is the fuzzy inference
system (FIS). In FIS, TTC and PET are divided into subsections,
and based on the predefined rules for each combination of
TTC and PET, a value for MI can be determined. The sub-
sections and MI values are expressed in linguistic terms, but
with defuzzification, the MI values can be presented in
quantitative terms at last.
In this paper TTC, PET and MI are divided into five cate-
gories and to construct the membership functions, and the
TTC and PET distributions for car-following scenarios have
been considered. The fuzzy rules must be logical and
meaningful, and are based here on the specifications of TTC
and PET, as well as on the relationship between these in-
dicators as presented by Vogel in Table 3. The rules are
described in Fig. 2. It should be mentioned that in Table 3,
TTC and PET are simply divided into two parts (small and
large), but here they are divided into 5 parts to be more
accurate.
However, when Dv < 0, again Eq. (8) becomes ineligible
since TTC specifications cannot be considered by this model
(if Dv < 0, TTC cannot be defined). To solve this problem, Dv
is considered to be 1 ft/s in such cases. Then, the probability
of a change in the leading vehicle's speed from vL to vF1
(Dv ¼ vF(vF1) ¼ 1) must be calculated. This value is
determined based on the probability distribution functionnation based on TTC and PET.
Fig. 3 e I-80, six-lane study section.
j o u rn a l o f t r a ffi c a nd t r an s p o r t a t i o n e n g i n e e r i n g ( e n g l i s h e d i t i o n ) 2 0 1 6 ; 3 ( 1 ) : 5 1e5 8 55(PDF) of speed variations in the following vehicles. Now Eq. (9)
can be used to calculate MI and the calibration issue is as
before.
MI ¼ l cl
a
vbFðpDvgÞ
(9)
where p is the probability factor for following vehicle's speed
variation. When Dv > 0, p ¼ 1, other “p” must be determined
based on the PDF. After the suitable distribution is deter-
mined, then for amoment inwhichDv < 0, p(x >Dvþ 1) should
be determined.4. Data
Freeway traffic data are required for the effective calibration
and validation of safety indicators. Microscopic level variables
were employed for the evaluation of MI. Accordingly, next
generation simulation (NGSIM) data for I-80 freeway in
Emeryville San Francisco, CA, were used in this evaluation.
NGSIM is a Federal Highway Administration (FHWA) sup-
ported project for the development of open behavioral algo-
rithms for microscopic traffic simulations. Datasets were
collated using high-resolution cameras capable of capturing
vehicle position at 0.1 s increments. I-80 vehicle trajectory
data relates an afternoon traffic peak (4:00 p.m.e4:15 p.m.) on
Wednesday, April 13, 2005. Three vehicle categories (motor-
cycles, passenger cars and heavy vehicles) were encountered
along the six-lane study section. Lane 1 represents the left-
most lane (a high occupancy vehicle HOV lane), while lanes 5Fig. 4 e Gaussian membership functionand 6 are the rightmost lanes, both of which are directly
influenced by adjacent on- and off-ramps (Fig. 3).
In order to accurately classify and extract car-following
situations and to study driver behaviors during car-following
scenarios, three criteria are used:
 Both leading and following vehicles must be passenger
cars.
 Both vehicles must associate with a car-following scenario
for the entirety of the observation period along the 500 m
study segment (i.e., neither vehicle may change lanes; a
third vehicle may not move between the two vehicles).
 The observation period should last more than 60 s (car-
following period must permit the observation of all varia-
tions in driver behavior).
Based on these criteria, 20 car-following time-series sce-
narios were selected, equal to approximately 15,000 rows of
data.5. Results
For each car-following scenario based on the TTC and PET
values and with the application of FIS demonstrated in Sec-
tion 3, MI values were determined at each 0.1 s time-frame.
Based on the TTC and PET values for a car-following
scenario, the membership functions and the surface
obtained as MI are presented in Figs. 4 and 5. Gaussian
membership functions were selected by default functions in
MATLAB.
The PDF for speed variations of the following vehicles are
also determined and displayed in Fig. 6. The distribution is
roughly normal with 0 and 12 as the mean and variance,
respectively.
Now as an example of a car-following scenario at the
moment vF ¼ 15 ft/s and vL ¼ 20 ft/s, p(x > 6) must be
determined based on the normal distribution. The result is
0.039.
For each car-following scenario based on TTC and PET
values andwith the application of FIS, MI would be calculated,
and then the model can be calibrated. For more simplicity the
model would be linearized as Eq. (10).
lnðMIÞ ¼ lnðlÞ þ a lnðclÞ  b lnðvFÞ  g lnðpDvÞ (10)s for TTC and PET. (a) TTC. (b) PET.
Fig. 5 e MI outputs based on TTC and PET inputs for a car-
following scenario.
Table 4 e Calibration results (averaged) for MI
parameters.
Model coefficient Significance R2 Model significance
a ¼ 0.24 0.000 0.72 0.003
b ¼ 0.2 0.003
g ¼ 0.2 0.013
l ¼ 0.49 0.011
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scenarios, and the results have been averaged and presented
in Table 4.
The coefficient of determination is 0.72, and the parameter
significance is less than 0.05, and it means that the results of
regression are satisfactory.
To compare TTC, PET and MI, the minimum, maximum
and mean values for 20 car-following scenarios are deter-
mined and depicted in Fig. 7.
To investigate the TTC, PET and MI variations during the
car-following period, the variations of 4 car-following sce-
narios are displayed by random in Fig. 8.
The following findings were garnered from the supple-
mentary investigations (Figs. 7 and 8):
(1) For each car-following scenario, all the mean values for
TTC are closer to the maximum values, indicating that,
during following period, the rear-end collision risk is
low for all scenarios. However, for PET, the mean values
are closer to the minimum values, indicating that there
is a rear-end collision risk if a slight change occurs in
motion characteristics of each vehicle.
(2) When TTC is small, MI values are also small. Since TTC
refers to the imminent danger, and thus MI is alsoFig. 6 e Probability distribution function for speed
variations of following vehicles.sensitive to this indicator. Likewise, when both TTC and
PET are large, MI is also large. In such cases, there is
neither an imminent nor potential risk of rear-end
collision, and MI values are also consistent with those
indicators.
(3) There are circumstances under which TTC values are
large, but PET values are small. In such cases, applying
MI in CAS as a warning strategy can help discriminate
between different moments and present a value as the
safety status in that circumstance.
(4) MI values coincide with the driver behaviors and mo-
tion characteristics of vehicles. MI simultaneously
considers three main microscopic parameters of
following vehicles. Therefore, for example, a slight
change in clearance, relative speed and the speed of the
following vehicles because of the driver inattention,
would be detected by MI.
(5) TTC variations during a car-following period are too
intense, meaning that in a short interval (0.1 s), the
safety status changes greatly from safe to unsafe and
vice versa. However, MI variations during car-following
period are smooth, meaning that based on its trend the
rear-end collision can be predicted with enough time to
insert the proper reaction. If applying TTC as a warning
strategy in CAS, situations of high potential to become a
rear-end collision, might be ignored. In such situations,
danger is detected only when TTC value is small.
However, there may not be enough time to react and
avoid the collision at thatmoment. On the other hand, if
applying PET as a warning strategy, then the system
errors are high and it would be difficult for drivers to
identify the real dangerous situations. However, MI is
generally a more complete indicator.6. Conclusions
Surrogate safety measures (SSM) are powerful tools in
detecting dangerous situations and, can be applied as a
warning strategy in collision avoidance systems (CAS). Time-
to-collision (TTC) and post-encroachment time (PET) are the
most important SSM in detecting rear-end collisions and
have been evaluated to be applied in CAS in previous re-
searches. Since the results obtained from each indicator are
sometimes inconsistent, and this paper proposes a new
model that features the properties of both indicators. The
new indicator, called mix index (MI), is constructed based on
the microscopic parameters of following vehicle in a car-
following scenario. These parameters include clearance,
Fig. 7 e Values of TTC, PET and MI for car-following scenarios. (a) Mean value. (b) Minimum value. (c) Maximum value.
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microscopic parameters of the vehicle at the same time, it
can detect potential danger from a change in the motion
characteristics of the vehicle. Therefore, evasive maneuvers
due to the driver errors can be detected by CAS activated
with MI.Fig. 8 e TTC, PET and MI variations during car-following periodIn order to calibrate the newmodel, fuzzy inference system
(FIS) was applied. To evaluate the new indicator, MI, TTC and
PET values are determined for car-following scenarios in a
freeway (I-80). Generally, MI variations are the same as TTC
when the TTC value is small. In such cases, there is a high
probability of a rear-end collision. The MI, PET and TTC. (a) Scenario 1. (b) Scenario 2. (c) Scenario 3. (d) Scenario 4.
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there is no risk for rear-end collision in such cases. In other
cases, MI can help decide the safety status of a situation. Also,
MI variations during the car-following period are smooth,
which means that based on its trend, the rear-end collision
can be predicted and with enough time to insert the proper
reaction.r e f e r e n c e s
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